With the intensification of energy crisis, considerable attention has been paid to the application and research of lithium-ion batteries. A significant progress has also been made in the research of lithium-ion battery capacity evaluation using electrochemical and electrical parameters. In this study, the effect of mechanical characteristic parameter (i.e., stack stress) on battery capacity is investigated using the experimental combined numerical approach. The objective of the proposed approach is to evaluate the capacity based on the initial applied stress, the real-time stress, charging open circuit voltage, and discharging open circuit voltage. Experiments were designed and the data is fed into evolutionary approach of genetic programming. Based on analysis, the accuracy of the proposed GP model is fairly high while the maximum percentage of error is about 5%. In addition, a negative correlation exists between the initial stress and battery capacity while the capacity increases with real-time stress.
Introduction
With the reduction of traditional energy, the popularity of alternative energy sources is increasing day by day. The application of lithium-ion battery in electric vehicles is one of the great steps towards the mitigation of environmental problem with sustainability. As an efficient source of off-grid power system, lithium-ion batteries have been successfully applied on laptops, mobile phones, smart watches, and various medical and nonmedical instruments. Considering that the replacement of such kind of battery is costly, it is of immense importance to increase the durability of lithium-ion battery. Overcharge and overdischarge, which usually lead to deterioration of battery internal chemicals and permanent loss of internal active materials, are the main cause of the capacity fade of batteries [1] . For ensuring the safe and efficient operation of the electrical equipment with lithium-ion battery as the energy supply system, it is necessary to monitor the capacity of the battery in real time with acceptable accuracy. State of charge (SOC) and state of health (SOH) have been widely studied as two main indicators evaluating the status of batteries. These two estimation parameters are both defined on the basis of the concept of battery capacity. Numerous researches related to battery capacity have been done in recent years. Madeleine Ecker et al. [2] studied the impact of temperature and state of charge on impedance rise and capacity loss based on the experiment data. An impedance-based electric-thermal 2 Mathematical Problems in Engineering model was proposed and coupled with the aging model to simulate the dynamic interaction between battery aging and thermal and electrical behaviour. To improve the estimation accuracy and efficiency of SOH of lithium-ion battery, Cai et al. [3] proposed a dynamic information extraction method based on a fast-discrete wavelet transform. Results show that the maximum error of SOH can be within 0.113. Chao Hu et al. [4] applied the improved Kalman filter method to evaluate the SOC and capacity. The key points in their research include a method for estimating SOC and capacity based on time scale separation and a scheme for accurate and stable capacity estimation. Huang et al. [5] develop a model for online, simultaneous SOC, and SOH estimations of Li-ion batteries. The instantaneous discharging voltage (V) and its unit time voltage drop (V') are carried out as the model parameters. It is found that the SOH equation has a linear relationship with the correction factor 1 / V' times. Chen Z. et al. [6] used genetic algorithm (GA) to build the battery model and evaluated the SOH of battery. Modelling parameters include the diffusion capacitance in real time using measurement of current and open circuit voltage as well as terminal voltage of the battery. Furthermore, temperature influence on battery SOH was considered. Most of previous studies focused on the relationship between battery capacity and the electrical parameters (voltage and current), the chemical parameters (impedance spectrum), and other parameters like temperature [7, 8] . In the context of methods for evaluating the performance of battery performance researchers have designed a specific calculation model for lithium-ion batteries by combining experiments and finite element methods (FEM) [9] [10] [11] . The mechanical properties of each component of lithium-ion battery in different environments are also studied [12] . The battery is simplified as a jelly roll for a more efficient analysis on the mechanical characteristics [13] [14] [15] .
In the context of research of local mechanical parts (anode, cathode, electrolyte, shell, etc.), the mechanical properties of the materials of each part and their relationship with the chemical properties of the batteries have received greater attention [16, 17] . So far, it is still a great challenge to establish an accurate model between mechanical properties of local components and the capacity because of the diversity and complexity of materials. For example, the pressure on the separator changes with the aging of the battery [18] . The porous size of the electrode, the pressure in the manufacturing process, and the electrolyte around it also affect its mechanical properties [19] . Recently, researchers have paid greater attention to study the fundamental relationship of mechanical parameters (stack stress) and the battery capacity. Stack pressure is a compressive stress produced during the manufacturing process of lithium-ion battery [20] . It was found to be able to be applied to evaluate SOH and SOC of batteries [21] . The value of stack stress is found to change for every cycle of charge and discharge under given applied load conditions. Therefore, it shall be interesting to explore the fundamental effects and establish a mathematical relationship of mechanical stack stress on the battery capacity. The current study proposes an experimental combined numerical approach on lithium-ion batteries to investigate the relationships between the capacity and the initial applied stress, real-time stress, charging open circuit voltage, and discharging open circuit voltage. Later, artificial intelligence (AI) method of genetic programming (GP) was applied in the modelling process to gain deeper understanding of the effects between the capacity and the independent design variables. The findings from the study will pave the way for the design of new battery technology that incorporates the sensors around battery which measures stress and temperature to accurately estimate the battery electrochemical performance.
Research Problem Statement
This section discusses the research problem on studying fundamental and finding the relationships between the capacity of the lithium-ion battery and the initial applied stress, the real-time stress, the charging open circuit voltage, and the discharging open circuit voltage. During normal operation of battery packs in the electric vehicle, the irreversible unwanted chemical and physical changes in batteries result in loss of active metals (lithium ions) and irreversible expansion of electrodes which lowers the stiffness of the battery. The increase in expansion of the electrode every cycle can be attributed to the accumulation of stress and development of strains in the battery (Figure 1 ). Therefore, measuring the stack stress along with temperature of the battery can be related to its capacity and SOH. Hence, in addition to the temperature, it is important to develop a scientific study to explore the means of quantifying the relationship of capacity with respect to the mechanical parameter such as the stack stress. Determination of the relationships requires the formulation of an accurate mathematical model that can precisely represent the nature of the data. The model is expected to be an expression for capacity consisting of four independent variables (initial stress, real-time stress, charge OPC voltage, and discharge OPC voltage, respectively).
Experimental Details of Lithium-Ion Battery
This section describes the experimental details of measuring the capacity of Li-ion batteries as a function of mechanical stack stress. The complete description is listed in steps as below:
(1) Stress sensor, HT-7311S3, HT-sensor, China: the stress sensors can measure a force up to 0.33 MPa.
(2) Steel container: each set consists of a small steel plate, a hollow base holding the battery cell and four bolts connecting the two parts. The container is shown in Figure 2 .
(3) Data acquisition system, as shown in Figure 3 .
(4) Electronic load EBC-A10H, ZKE, China, as shown in Figure 3 .
(5) Lithium-ion battery, ICR18650-26F, Samsung, Korea. Battery specification is given in Table 1 .
As shown in Figure 3 , the batteries are placed in the steel containers and undergo through charge-discharge cycles controlled by the electronic load. The stress data collected by the stress sensor is imported to the computer via the data acquisition system before further processing. In this study, the batteries are divided into three groups with different initial stress applied on the battery. The initial stack pressure on the battery during its manufacturing stage is of the range 0.1 to 1 MPa [20] . The initial stress is controlled at 0.098 MPa, 0.196MPa, and 0.294MPa (the corresponding mass is 3 kg, 6 kg, and 9 kg), respectively, by adjusting the bolts in the steel container. The surrounding temperature of the experiment is maintained at 20-25 ∘ C in a constant temperature box. Before applying the initial load on the battery, every battery is discharged to the cut-off voltage of 2.75V at the rate of 0.5C (1.3 A). The following steps are the procedure for a single cycle of charge-discharge of the battery.
Step . Constant current charging procedure at rate of 0.5C. When the voltage reaches the charging cut-off voltage of 4.2 V, the constant voltage charging mode is applied until the charging current is less than 0.05 A, which implies that the battery is fully charged.
Step . Open circuit for 30 minutes.
Step . Constant current discharging procedure at rate of 0.5C until the battery voltage drops to 2.75 V (discharge cutoff voltage).
After implementation of these four steps, the experiments were conducted sequentially and, then, cycle around 30 times. The experiments were then repeated for verifying the validity of the result.
The listed steps are repeated for around 200 cycles for each battery cell. Data is collected and preprocessed in the computer before modelling.
AI Methodology: Genetic Programming
Genetic programming (GP) [22] is an evolutionary AI method in modelling of complex systems. As per principal of "survival of the fittest", GP simulates the evolution of the solutions with the best one is more likely to retain. Compared to response surface method (RSM), the advantage of GP is the automatic modelling process without any assumption of the structure of the model. Therefore, GP is adopted in this study to build the model for battery capacity. A total of 1443 data samples are fed into GP framework. 80% of the experimental data is imported as the training group while the remaining 20% is imported as the testing group. The parameter settings are set based on a trial-and-error approach. The population size and the number of generations are set to values of 1,000 and 500, respectively. The maximum depth of each tree and the maximum genes of model are both set to 3 in order to simplify the model. Generally, the low values of these two parameters can avoid the problem of overfitting of the models. The crossover, mutation, and direct reproduction probabilities are taken as values of 0.85, 0.1 and 0.05, respectively [23, 24] . Root mean square error (RMSE) and mean absolute percentage error (MAPE) are selected to be objective functions which conclude the performance of the models. The modelling of GP is carried out using MATLAB 2014b [25] .
Results and Discussion
During the evaluating process of applying GP, the quality of an individual solution or its performance is measured by a fitness function value. The fitness function is a measure of the fit of the individual or model to the given data. The most commonly used fitness functions in GP are root mean square error (RMSE), mean sum of squared error (MSE), mean absolute percentage error (MAPE), and correlation coefficient (R 2 ). The lower the value of the fitness function, the better the quality of the solution or individual. In this section, the best performance of the GP model was selected with the minimum values of RMSE and MAPE. Figure 4 shows the goodness-of-fit of the GP model. It can be observed from Figure 4 that most data points lie near the regression line y=x (the red bold line in the figure), which indicates the predicted values calculated using the GP model slightly deviated from the experimental values. The small difference between the estimated values and the actual values validates the accuracy of the proposed GP model.
Based on the best model obtained, the relationship between output (capacity) and input parameters (initial applied stress, real-time stress, discharge OPC voltage, etc.) is qualitative. For the purpose of detecting the effect of each variable on capacity, 2D plots estimation are carried out. The Y-axis is the predicted value of capacity, which was generated by the GP model. While for the X-axis, the value of variables are original from experiment, for example, Figure 5 (a) or set at the special range according to the analyzing requirement, for example, Figure 5( Experimental capacity (Ah) Figure 4 : Goodness-of-fit of the mathematical model generated by genetic programming. Figure 5 : The estimation of the relationship between predicted capacity and each input parameters (initial applied stress, real-time stress, and discharge OPC voltage).
the GP model has determined the relationship between the input parameters and the output, for each independent variable, the Y-axis has a corresponding value. Thus, 2D plots can be obtained. Figure 5 shows the effects of each independent variable on the cell capacity. There are only three plots for the parametric analysis because the GP model consists of only the first three inputs excluding the charging open circuit voltage. It can be concluded from Figure 5 (a) that there is a negative correlation between the initial stress and the cell capacity. A sharp decline is observed when the initial stress is less than 0.033 MPa, after which the declining trend slows down. Once the initial stress reaches 0.132 MPa, the trend can hardly be noticed. A completely converse trend is observed for real-time stress in Figure 5 be ignored. In Figure 5 (c), the cell capacity slightly increases with discharge open circuit voltage before 3.42 V and keep on decreasing afterwards. The same experiment protocol was used for 3D plots. For 3D figures, there are two input parameters and one output. The relationship between independent variable and dependent variable is also determined by the GP model. Thus, 3D plots are performed to study the interaction effect of design variables on the capacity of battery. In this interaction analysis, two of the inputs are varied while the other is kept constant at its mean values. These results are in good consistency with that of the parametric analysis. In Figure 6 (a), similar effects are observed for initial stress and real-time stress on the capacity. It is noteworthy that the capacity surges drastically at low initial stress and high real-time stress conditions. In Figure 6 (b), the same conclusion can be drawn on discharge open circuit voltage as mentioned in parametric analysis. It is interesting to point out that the declining trend of capacity at the low range of initial stress is smoother when the value of discharge open circuit voltage is lower instead of high. Similarly, the capacity goes up slower at the high range of real-time stress when the discharge open circuit voltage is at low level, as shown in Figure 6 (c).
Conclusions
In this study, the experimental combined numerical approach for evaluation of battery capacity based on the initial applied 
